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ccurate forecasting of agricultural commodity prices is crucial for informed decision-

making in farming, trading, and policy-making. Traditional methods like ARIMA
models often fall short in addressing the complexity of agricultural markets, where prices are
influenced by various factors such as weather and global trends. Transformers, originally
designed for natural language processing, offer a solution by effectively processing large
datasets and capturing long-range dependencies through self-attention mechanisms. This
article explores about transformers and their use in time series forecasting including
agricultural price forecasting.
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Introduction

In the agricultural sector, accurate price forecasting is critical for farmers, traders, and
policymakers. It helps in decision-making related to planting, harvesting, storage, and trade,
ultimately impacting livelihoods and economies. Traditionally, forecasting agricultural
commodity prices has relied on methods like ARIMA models or econometric techniques.
However, these methods often struggle with capturing the complex and dynamic nature of
agricultural markets. Recently, there has been a significant rise in the use of machine learning
and deep neural networks to address complex forecasting challenges across various domains,
particularly in time series forecasting as well as agricultural commodity prices prediction.
Deep learning approaches like recurrent neural networks (RNNs), including long short-term
memory (LSTM) and gated recurrent units (GRU), are commonly used to model long-term
sequences with sequential data. However, a notable limitation of RNN-based models is their
lack of parallel processing capabilities, which leads to increased computational complexity.
Enhancements can be achieved by integrating temporal convolutional network (TCN) blocks
(Wan et al., 2019) or adding extra LSTM layers between the encoder and decoder to extract
higher-level features. Yet, contextual information is sometimes overlooked, reducing the
effectiveness of denoising. This challenge has paved the way for the emergence of
transformer neural networks (Vaswani et al., 2017), which excel at managing long
dependencies and deliver strong performance through efficient parallel processing. The
transformers, a powerful deep learning model originally designed for natural language
processing (NLP), but now making waves in various fields, including agricultural commodity
price forecasting. Transformers are inherently capable of capturing temporal dependencies
from deep, multi-level features, making them highly suitable for time series forecasting tasks.

Transformer model
Transformers have an encoder-decoder structure, the input undergoes encoding in the initial
phase. Subsequently, the decoder utilizes the encoded input and previous outputs to generate
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the final output. Key components of the Transformer architecture has been elaborated upon
below.

Encoder: The encoder consists of a series of identical layers, each comprising two sub-
layers. The first sub-layer is a multi-head self-attention
mechanism, while the second is a straightforward, position-
wise fully connected feed-forward network.

Decoder: The decoder is constructed with identical layers, § . tnceder { Decoder
mirroring the encoder’s structure. In addition to the two — !
sub-layers present in each encoder layer, the decoder Muiti hend
introduces a third sub-layer. This additional sub-layer . |
conducts multi-head attention over the output from the §| ‘Gt ! | (N Ezsimn
encoder stack. Notably, the self-attention sub-layer in the |t

decoder stack undergoes modification to prevent positions
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from attending to subsequent positions. The architecture of

the Transformer model is illustrated in the Figure 1. Figure 1.The architecture of the
Transformer model

How transformers are revolutionizing forecasting agricultural commodity?
Transformers represent a significant advancement over traditional forecasting models due to
their ability to manage large datasets and capture long-range relationships. Transformers
analyse all data points simultaneously using a self-attention mechanism. This approach
enables the model to assess the relative importance of each data point, allowing it to identify
complex interactions and patterns that other models might overlook. In the context of
agricultural commodity prices, transformers can comprehensively evaluate various factors
such as historical price trends, weather conditions, global market dynamics, and policy shifts.
By recognizing these interdependencies, transformers can generate more accurate and timely
price forecasts. The application of transformers in agricultural commodity price forecasting is
still in its early stages but shows immense potential.

Challenges in applying transformers

While transformers offer significant advantages, there are challenges in applying them to
agricultural commodity price forecasting. The computational resources required to train and
deploy transformer models can be considerable, especially when working with large datasets
that include global market data, weather information, and other variables. To address these
challenges, researchers and practitioners are focusing on developing more efficient
algorithms and exploring hybrid models that integrate transformers with traditional methods.

Conclusion

Transformers offer a promising new approach to forecasting agricultural commodity prices,
with the ability to capture complex and multi-layered relationships within the data. By
enhancing the accuracy and reliability of price predictions, transformers could revolutionize
decision-making in agriculture, empowering farmers, traders, and policymakers to better
navigate market uncertainties with increased confidence. As research and development in this
field progress, transformers are likely to play an increasingly crucial role in agricultural
forecasting, contributing to more resilient and sustainable food systems.
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